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Lane-changing behavior is an important component of traffic simulation. A lane-changing
action is normally confined to a decision-making process of the task, and the action itself is
sometimes assumed as an instantaneous event. Besides, the lane-changing behavior is
based mostly on observable positions and speeds of other vehicles, rather than on vehicles'
intentions. In practice, changing one lane requires about 5e6 s to complete. Existing lane-
changing models do not comprehensively consider drivers' response to work zone lane-
changing signs (or other related messages, if any). Furthermore, drivers' socio-de-
mographics are normally not taken into account. With regard to this, fuzzy logic-based
lane-changing models that consider drivers' socio-demographics were developed to
improve the realism of lane-changing maneuvers in work zones. Drivers' Smart Advisory
System (DSAS) messages were provided as one of the scenarios. Drivers' responses,
including reactions to work zone signs and DSAS messages, and actions to change lane,
were investigated. Drivers' socio-demographic factors were primary independent variables,
while Lane-Changing Response Time (LCRT) and Distance (LCRD) were defined as output
variables. The model validation process yielded acceptable error ranges. To illustrate how
these models can be used in traffic simulation, the LCRT and LCRD in work zones were
estimated for five geo-locations with different socio-demographic specifications. Results
show that the DSAS is able to instruct all drivers to prepare and change lanes earlier,
thereby shortening the duration of changing lanes. Educational background and age are
essential variables, whereas the impacts of gender on the output variables are
indistinctive.
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Driver behavior is one of the most fundamental components
in microscopic traffic simulation, which is a dynamic
modeling of individual vehicle's movements on a second or
sub-second basis. The modeling could be used to assess the
traffic performance on highway and street systems, in transit,
and among pedestrians (FHWA, 2004). Transportation
modeling and simulation have been widely applied in
transportation engineering and planning practices, such as
the capacity analysis, traffic impact study, junction design,
accident analysis, network analysis, etc. (Ranjitkar and
Nakatsuji, 2005). Meanwhile, a number of formulated
models of traffic flow have been applied to simulate more
realistic driver performance (Chandler et al., 1958; Liu et al.,
2006).
Car following and lane-changing behaviors are two de-
terminants the design of microscopic traffic simulation
models. While car-following models are concerned with the
travel time and space between two consecutive vehicles in the
same lane, and simulate the motion of lag cars (Pipes, 1953),
lane-changing models depict the distribution of vehicles
across lanes (Rorbech, 1976). Compared to car following
studies, lane-changing behavior is more complicated
because it involves three elements, the need to change
lanes, the possibility of changing lanes, and the trajectory
for changing lanes (Hwang and Park, 2005). When a driver
must leave the current lane following a specified path,
Mandatory Lane-Changing (MLC) is expected to follow.
Discretionary Lane-Changing (DLC) is just intended to
improve driving conditions, such as achieving the desired
speed, avoiding following trucks or merging traffic, etc., but
the action to change lanes is not absolutely necessary
(Toledo et al., 2003).
Gipps (1986) proposed a lane-changing model adopted in
micro-simulation tools, which has taken into account the
necessity, desirability, and safety of lane-changes in various
urban driving situations. Subsequently, many lane-changing
models capturing MLC and DLC situations have been
evolved for realistic traffic simulation experiment results.
For instance, Ahmed (Ahmed et al., 1996; Ahmed, 1999)
developed and estimated the parameters of the target lane
and gap acceptance models; Kita (1993) employed a logit
method to formulate a gap acceptance model for merging
sections of freeways; Yang and Koutsopoulos (1996)
demonstrated a ‘rule-based’ lane-changing model for
freeways. Several micro-simulation tools simulate lane-
changing behaviors based on the Gipps' model, such as
CORSIM (FHWA, 2007), MITSIM (Yang and Koutsopoulos,
1996), SITRAS (Hidas and Behbahanizadeh, 1999).
Lane changes in work zones involve merging sections that
require MLC, which is the primary cause of the majority of
conflicts and interactions among vehicles atmerging sections.
Existing trafficmodels are normally designed for conventional
traffic control situations, such as signalized intersections, stop
signs, and freeways. Along with the development of the
Intelligent Transportation System (ITS), Vehicle-to-Infra-
structure (V2I) wireless communication technologies have
been introduced to improve drivers' awareness (Lin et al.,2013). The Drivers' Smart Advisory System (DSAS) is one of
such emerging technology to enhance communication
between vehicles and temporary work zone control devices
for safety and better air quality purposes (Qiao et al., 2014).
Besides, existing models of lane change emphasize deci-
sion-making aspects of the task, regardless of the response
itself. All kinds of lane changes are assumed as instantaneous
events (Toledo and Zohar, 2007). However, it may take a few
seconds to complete one lane change. The maneuvers reflect
the driver's thinking process, in which the driver's individual
characteristics play a crucial role for the level of acceptance
on a particular DLC, minimum or maximum acceleration/
deceleration adopted, etc. (Sun, 2009). Toledo and Zohar
(2007) and Sun (2009) modeled lane-changing behaviors
considering driver characteristics in terms of personal
perception, maneuvers attitude, driver aggressiveness, and
level of the likelihood of changing lanes. Actually, drivers'
individual socio-demographic factors (e.g. gender, age,
educational background, and driving experience) are
essential variables in driving performance as well (Nauert,
2011).
Li and Qiao (2014) also clearly verified that socio-
demographic factors may affect driving performance
significantly when DSAS was provided, in terms of steady
speed, brake response time, and brake distance. Such
impacts of socio-demographic factors on lane-changing
models, including lane-changing time and lane-changing
distance, have not really been explored to date, especially
when work zones have been equipped with V2I
communication.
The objective of this research is to develop lane-changing
models for microscopic traffic simulation, including the Lane-
Changing Response Time (LCRT) model and the Lane-Chang-
ing Response Distance (LCRD) model. Fuzzy logic-based lane-
changing models are developed specifically for MLC in work
zones equippedwith DSAS.We also investigate the impacts of
socio-demographic factors on these lane-changing models.2. Defining lane-changing response time
and distance
Universally in microscopic traffic simulation, a lane-changing
action is assumed as an instantaneous event. Nevertheless, a
number of lane-changing studies have demonstrated that this
assumption contradicts research findings in the area of
human factors (Toledo and Zohar, 2007). Drivers' decision
making and the execution process of lane changing require
time and travel distance. Appropriate modeling of lane-
changing related with time and distance would improve the
realism of simulated experimental results.2.1. Existing lane-changing time methods
Even though various studies have illustrated that one lane-
changing action requires an average time of 5e6 s (Worrall
and Bullen, 1970), there are discrepancies in lane-changing
time that can be interpreted by some drawbacks in the
estimation procedure and methodology, such as not
j o u rn a l o f t r a ffi c a nd t r an s p o r t a t i o n e n g i n e e r i n g ( e n g l i s h e d i t i o n ) 2 0 1 5 ; 2 ( 5 ) : 3 1 3e3 2 6 315naturalistic driving, limited technology, lack of a trajectory
data set, and even the definition of lane changing.
Worrall and Bullen (1970) employed aerial photographs to
estimate lane-changing durations, and found that the mean
durations were 1.25 s and 1.95 s in the initial and target lane,
respectively. This method, however, may underestimate the
actual length of lane-change durations (Chovan et al., 1994).
In fact, most lane-changing research conducted in the 1970s
and 1980s found that the duration was from 4.9 s to 7.6 s,
and the time was subject to the traffic situation and the
direction of change (Finnegan and Green, 1990). Moreover,
the applied obtrusive equipment in research, such as eye
markers and helmets, may have interfered with drivers'
behaviors.
In 1997, Tijerina et al. (1997) observed vehicles' lane-
changing durations with an observer recording various
drivers' driving responses. The recorded lane-changing
durations of 39 drivers were between 3.5 s and 6.5 s, with a
mean of 5.0 s for urban streets, and 3.5 s and 8.5 s, with a
mean of 5.8 s for highways. In the same year, Hetrick (1997)
measured lane-changing duration with an instrumented
vehicle and found that lane-changing duration could be
extended from 3.4 s to 13.6 s. In particular, young drivers
were inclined to complete the change faster than elderly
drivers. Nevertheless, Lee et al. (2003) remarked that the
presence of observers could be an interferential factor in
drivers' driving performances. When Lee et al. (2003) used an
automated data collector, they found that the median lane-
changing duration was 6.0 s, and turning into the left lane
took longer than moving into the right lane. No significant
differences were recorded between the durations taken by
two different types of vehicles. To avoid the interferential
factor of naturalistic driving performance, Toledo and Zohar
(2007) employed video cameras in a nearby high-rise
building to collect trajectory data set without any equipment
or the knowledge of drivers, at a time resolution of 10 or 15
observations per second. The identified lane-changing
duration ranged from 1.0 s to 13.3 s. A rarer difference
between the turning movements to the left and right lane
was observed.
It is notable that the definition of the initiation and
completion of lane changing in the various studiesmentioned
above is not consistent. Specifically, Lee et al. (2003) defined
the initiation of lane changes by the point in time that
vehicles began to move laterally. The completion of lane
changes was the points in time that the centers of the
vehicles were in the destination lane. Worrall and Bullen
(1970) measured the duration of lane change by the time at
the target lane minus the time at the initial lane, based on
aerial photographs. Toledo defined the initiation and
completion points as the time instances when the lateral
movement of the subject vehicle begins and ends,
respectively (Toledo and Zohar, 2007). Large variability of the
lane-changing durations may be attributed to this non-
standardized definition. On the other hand, this definition
reflects that drivers' behaviors are based mostly on the
observable positions and speeds of other vehicles in
microscopic traffic simulation, rather than on vehicles'
intentions (Toledo and Zohar, 2007). The intention of lane
changing is a human factor. Its involvement in microscopictraffic simulation may enhance the realism of simulated
experiment results.2.2. Existing lane-changing distance model
In comparison with lane-changing time, few models concern
lane-changing distance. Nevertheless, perceived distance
could be essential for drivers to change lanes in time for the
purpose of individual travel direction, thereby avoiding any
abrupt maneuvers in practice. Qiao et al. (2008) proposed a
Lane-Changing Distance (LCD) model for sign placement,
which is based on a general mathematical model as
illustrated in Eq. (1).
LCD ¼ fiðxÞ (1)
where fi(x) is the function mapping the various independent
variable vectors to distance changing from ith lane to (iþ 1)th
lane.
The developed lane-changing model is mathematically
shown in Eq. (2).
LCD ¼ ebxþe (2)
where b is the vector of parameters, x is the vector of all in-
dependent variables, and e is the noise term.
The independent variables in Eq. (2) include distance from
exit, front vehicle spacing, front relative speed, subject speed,
lead-lag spacing, and lead-lag relative speed. As this model
was developed for freeway exit sign placement, it may not
be directly suitable for other purposes.2.3. Existing lane-changing models in work zones
Many lane-changing models have been developed, some of
which are designed for lane changing in work zones. Usually,
lane-changingactivities inworkzonesare consideredas akind
of merging behavior, like changing lanes at expressway on-
ramp bottlenecks, ramp entrances to freeways, or in weaving
sections. Merging is associated with gap acceptance, vehicle
interactions, and speed (Wan et al., 2014a, 2014b; Hidas, 2005;
Choudhury et al., 2009). Lane changes for the purposes of
merging are classified into three types based on the gap dis-
tance between the putative leader and putative follower: free
lane change, cooperative lane change, and forced lane change
(Toledo et al., 2003). Vehicle interaction is the primary factor
that drivers need to consider in their decision-making and
thinking processes. Meng and Weng (2012) used the
classification and regression tree approach to predict drivers'
merging behavior in a work zone merging area. However, the
tree approach is not specially designed to depict lane-
changing behaviors in terms of drivers' reactions to work
zone traffic signs and V2I advanced warning messages.2.4. Drivers' Smart Advisory System (DSAS)
To enhance communication between vehicles and roadside
transportation infrastructures, such as signal devices and
speed limit signs, many new technologies have been pro-
posed, including the application of communication tools, such
as WiFi, Bluetooth, RFID, ZigBee, and even smart phones. The
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“electronic ear” for drivers through Vehicle-to-Infrastructure
(V2I) and/or Vehicle-to-Vehicle (V2V) communications. The
purpose of this idea is to offer an alternative way to deliver
real-time traffic control information to drivers more effec-
tively. DSAS is one of the V2I systems.
Qiao et al. (2014) tested the implications of DSAS on driving
performance at intersections with sun glare, stop sign
intersections, and work zones. They found that DSAS voice
messages could help drivers decelerate earlier, thereby
enhancing road users' safeties. However, there is no specificFig. 1 e Schematic diagram ofresearch on how such messages would affect lane-changing
related distances and time, and how socio-demographic
factors could impact drivers' lane-changing behaviors.
2.5. Defining lane-changing response time and distance
with DSAS
In most lane-changing models, only the portion of lane-
changing action is considered, which is indicated by the dis-
tance between point B and point C in Fig. 1. Furthermore, the
lane-changing action ends up in lane selection. To obtaina defined lane-changing.
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simulation design with a consideration of the effects of
traffic signs and/or advance voice messages, the whole
procedure of drivers' decision making, intention of lane-
changing, and the execution process should be investigated.
In this paper, the lane-changing response is defined as
drivers' reactions to traffic signs and/or other types of
warning messages (if any), including the execution of a
complete lane-changing trajectory.
Fig. 1 is a typical application from the Manual of Uniform
Traffic Control Device (USDOT, 2012). The redefined
initiation location of lane-changing response is fixed to the
point of the work zone warning sign (point A). If an
advanced warning message from a DSAS is provided, this
message should be started at 70 m away before the first
warning sign (point A). This considers a 1.0 s play time of
the warning message “work zone ahead” and a 2.5 s
perception-reaction time (Chang et al., 1985) under the
posted speed limit 72 km/h (45 mph, or 20 m/s).
In Fig. 1, drivers are supposed to change lane within the
advance warning area (500 m). The last chance to change
lanes is at a distance of about 500 m away, down the first
warning sign, right after the forced merge sign. Otherwise,
drivers have to stop and wait for an acceptable gap. The
completion of lane-changing refers to the point at which the
vehicle's heading turns right back 90 in the target lane,
which is indicated by the distance between point A and
point C. In this paper, the distance between the two points is
named the Lane-Changing Response Distance (LCRD).
Likewise, the time spent on traveling between point A and
point C is the Lane-Changing Response Time (LCRT).3. Proposed methodology
Considering the impacts of socio-demographic factors, the
variables that may affect lane-changing factors (LCRT and
LCRD) include gender, age, educational background, and
driving experience. Obviously, the relationship between these
variables and the resulting lane-changing factors is very
complicated and nonlinear.
Fuzzy logic theory is capable of dealing with systems
where the inputeoutput relationships are too complex and
where human knowledge is reachable into the system. The
fuzzy table look-up scheme has proved to be an effective way
of nonlinear modeling (Wang, 1997). In this paper, the fuzzy
table look-up schedule is selected to model LCRT and LCRD
with drivers' socio-demographic information.
3.1. Development of fuzzy system
Fig. 2 illustrates the developed fuzzy system to map from
socio-demographic factors to lane-changing outputs. Fig. 2(a)
displays the composed four inputs (gender, age, education
background, and driving experience) e four outputs (LCRT
without DSAS message, LCRT with DSAS message, LCRD
without DSAS message, and LCRD with DSAS message) and
fuzzy systems, while Fig. 2(b) shows the block diagram ofthe fuzzy non-linear mapping procedure. Each fuzzy system
can be modeled and calibrated independently.
3.2. Fuzzy table look-up scheme
The modeling of the fuzzy table look-up scheme depends on
collected inputeoutput data pairs (Wang, 1997), which are
represented as

xP1; x
P
2; x
P
3;/; x
P
n

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whereU¼ [a1, b1] [a2, b2] [a3, b3]/ [an, bn], p¼ 1, 2,/,N
represents each data pair, and N is the total number of data
pairs. The input variables could be gender, age, education
background, and driving experience. Output is the value of the
lane-changing factors (LCRT or LCRD), which is defined in the
following domain.
yp02V ¼

vy;uy

3R (4)
The proposed fuzzy system should be based on the rule
base constructed from these N inputeoutput data pairs. The
following scheme can be used to design the fuzzy system.
3.2.1. Define the fuzzy sets to cover the input and output data
For each [ai, bi], i ¼ 1, 2,/, n, define Ni fuzzy sets Aji (j ¼ 1, 2,/,
Nj), which should be completed in [ai, bi]. This means, for any
xi3½ai; bi, there exists Aji that its membership mAj
i
ðxiÞs0. The
pseudo-trapezoid membership function is such a candidate.
3.2.2. Generate one rule from one inputeoutput data pair
First, for each input and output pair ðxP1; xP2; xP3;/; xPn; yPÞ,
determine themembership values of xPi (i¼ 1, 2,/,Ni) in fuzzy
set Aji (j¼ 1, 2, /, Nj), determine the membership values of
output yP in fuzzy set Bl (l ¼ 1, 2, /, Ny). Then, for each input
variable xi, determine the fuzzy set A
j*
i in which x
P
i has the
maximum membership value. Similarly, the fuzzy set Bj* for
output can also be determined.
The obtained IF-THEN rule l is in the form of
If x1 is A
l
1 and x2 is A
l
2;/; xn is A
l
n; then y is B
l (5)
The degree of rule l generated from data pair (xP; yP) is
calculated as
DðlÞ ¼
Yn
i¼1
m
A
j
i
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
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
(6)
3.2.3. Create the fuzzy rule base and construct the fuzzy
system
By accumulating the rules generated from all available
inputeoutput data pairs, a desired rule base can be created.
This forms a look-up table. A workable fuzzy system can
eventually be constructed with the suitable inference engine,
fuzzifier, and defuzzifier, as illustrated in Fig. 2(b).
3.2.4. Procedure of fuzzy-based modeling of lane-changing
response distance and time
The nonlinear system constructed in the fuzzy look-up
schemewill yield the desired lane-changing outputs as long as
all needed socio-demographic inputs are well prepared. This
Fig. 2 e Developed fuzzy system to map from socio-demographic factors to lane-change decision time and distance. (a)
Fuzzy systems with four inputs and four outputs. (b) Block diagram.
j o u r n a l o f t r a ffi c and t r an s p o r t a t i o n e n g i n e e r i n g ( e n g l i s h e d i t i o n ) 2 0 1 5 ; 2 ( 5 ) : 3 1 3e3 2 6318fuzzy table look-up scheme-basedmodeling procedure can be
summarized in the following seven steps.
Step 1: Simulator test for data collection. The simulated
LCRT and LCRD should be collected through driving
simulator tests. During the tests, subjects are supposed to
perform mandatory lane-changing in free-flow traffic sit-
uations in work zones with different types of traffic signs
and warning messages. Subjects' socio-demographic in-
formations should be noted before tests.
Step 2: Data preparation. The input variables should
comprise drivers' socio-demographic factors, such as
gender, age, education background, and driving experi-
ence. The output-variables include drivers' LCRT and LCRD.
The lane-changing procedure should be redefined to cover
lane-changing trajectory, including decision making,intention, lane selection, and the response itself. LCRT and
LCRD are suggested to measure from the first warning sign
of the lane-change requirement.
Step 3: Define membership functions. First, the type of
membership functions for input and output variables
should be selected. The membership function for each
input variable should be defined logically, while for each
output variable themembership functions should be based
on the distribution of data pairs. To ensure accuracy, data
pairs should be classified into a few groups with unique
codes, such as small, medium, and large.
Step 4: Create fuzzy rule base. Based on all input and
output collected data pairs and the defined membership
functions, a fuzzy rule base could be created. Each rule is
similar to Eq. (5). The degree of each rule can be calculated
using Eq. (6).
Table 1 e Socio-demographic factors distribution of subjects for test.
Subjects' socio-demographics Gender Age Education background
Male Female 15e24 25e64 65þ High school/associate degree Bachelor degree or higher
Houston 2010 census data (%) 49.9 50.1 15.4 47.1 8.4 70.4 27.0
Adjusted distribution (%) 50 50 20 70 10 70 30
Subjects in test 20 20 8 28 4 28 12
Total 40 40 40
Fig. 3 e Driving simulator for the test.
Fig. 4 e Membership functions of IF part. (a) Gender. (b) Age. (c) Education. (d) Driving experience.
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Fig. 5 e Membership functions of THEH part. (a) LCAD. (b) LCAT.
Table 2 e Identified rules of IF part for all 24 rules.
Rule IF
Gender Age Education Experience
1 F M B E
2 F M B N
3 F M H E
4 F M H N
5 F O B E
6 F O B N
7 F O H E
8 F O H N
9 F Y B E
10 F Y B N
11 F Y H E
12 F Y H N
13 M M B E
14 M M B N
15 M M H E
16 M M H N
17 M O B E
18 M O B N
19 M O H E
20 M O H N
21 M Y B E
22 M Y B N
23 M Y H E
24 M Y H N
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Step 4, a fuzzy look-up table can be constructed.
Step 6: Check modeling errors. Use a different set of input
and output data pairs to check the modeling error. If the
errors are larger than the acceptable range, the necessary
portion(s) of fuzzy modeling should be adjusted. This in-
cludes the adjustment of membership functions, double
checking the coverage of input and output pairs for
modeling, and the adjustment of ways to construct the
inference engine, fuzzifier and defuzzifier, and so on.
Step 7: Validate the developed model. Use the developed
lane-changing models to simulate the lane-changing ma-
neuvers in different geo-locations with different socio-de-
mographic specifications for the validation purpose.
3.3. Driving simulator tests for data preparation
The vehicle trajectory data set employed to develop the fuzzy
model was collected through a driving simulator test. Forty
subjects were recruited based on Houston's socio-de-
mographics from the 2010 census database shown in Table 1.
The proportion of subjects regarding gender, age, and
educational background was adjusted for the legal driving
age in the U.S., and the number of subjects was rounded into
integer numbers. As shown in Table 1, 20 male and 20 female
subjects participated in the test. They were above 18 years
old with a valid C class driver's license. 28 subjects had
obtained a high school/associate degree or below, while 12
had received a bachelor's degree or higher. 8 subjects were
aged between 15 and 24, and four were 65 plus. 28 of them
ranged from 25 to 64 years old. All subjects self-reported that
they had normal or corrected-to-normal vision and hearing.
Two scenarios were designed for the driving simulator
test. A normal work zone with traditional traffic control signs
and a work zone equipped with a DSAS. The temporary work
zone in the test had two lanes in one direction on an urban
road and the right lane closed. The driving simulator was a
fixed-based automobile cab with a 240 wraparound screen,
on which a fully integrated, immersive driving simulation
scene was displayed (Fig. 3). Warm-up training was provided
to the subjects individually before the formal test. During
the test, each subject was required to accelerate to 72 km/h
(45 mph) and then drive through a work zone with a speed
limit of 48 km/h (30 mph). Each subject conducted the test
twice for two different scenarios.Rawdata from the driving simulator test were collected at a
frequency of 10Hz. Thismeans 10 recordswere stored for each
second during the test. The recorded information includes (a)
vehicle's geo-location (x, y, and z coordinates), (b) vehicle's
heading degree, (c) speed in m/s, (d) system time, and (e) lane
index. The collected data were processed in an MS Excel pro-
gram. CRD and LCRT were calculated for each subject.3.4. Membership functions of inputeoutput variables
Four input variables of socio-demographic factors (gender,
age, education background, and driving experience) were
classified into several sets indicated with a unique code to
define their membership functions. Specifically, there are two
groups in the membership function for the variable gender,
female (F) and male (M). Subjects' ages were divided into
young (Y), medium (M), and old (O), while education
Table 3 e Identified rules of THEN part for all 24 rules.
Rule THEN
LCRT  D LCRT þ D LCRD  D LCRD þ D
1 M S1 L3 M
2 M L1 L2 L2
3 M M L2 L1
4 S3 S2 S2 S1
5 L3 S2 L2 S1
6 M S1 L2 M
7 L1 M L3 L1
8 M S1 L2 M
9 M S2 L2 S2
10 M S2 L2 S3
11 M S2 S2 S1
12 M M L3 L1
13 M S2 L2 S3
14 L1 M L3 L2
15 L1 S2 L3 M
16 M M L1 L2
17 M S1 L1 S1
18 M S1 L3 M
19 L3 L2 L1 L1
20 M S1 L3 M
21 L1 M L2 L2
22 L1 S2 L2 S2
23 M M L2 L1
24 M M L2 L1
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and below (H), and bachelor's and above (B). Driving experi-
ence was divided into non-experienced (N) and experienced
(E). Drivers, who possessed a valid C driver's license for 3 or
less than 3 years, were considered non-experienced drivers.
The output variables LCRT and LCRD in the membership
functions are classified into seven fuzzy sets, respectively,
based on their distributions, extremely small (S3), very small
(S2), small (S1), medium (M), large (L1), very large (L2), and
extremely large (L3). For the high density of data distribution,
another three sub-sets in small and large sets were defined for
accurate classification.
Figs. 4 and 5 show the six membership functions of four
input and two output variables. The membership functionTable 4 e Model validation errors.
Subject Fuzzy set of demographic factors
Gender Age Education Driving experienc
1 F M B E
2 F M H E
3 F O H E
4 F Y B E
5 F Y H E
6 F Y H N
7 M M B E
8 M M H E
9 M Y H E
10 M Y H N
Average
Standard deviation
Note: The bold numbers are the highest ones for LCRT and LCRD, respecsets for gender and education background are singleton
functions as they both only have two solid values. The
membership function sets for other variables (age, driving
experience, LCRT, LCRD) are all pseudo-trapezoid functions.
3.5. Construct fuzzy rule base
All fuzzy sets of the four input variables generate a pool of
2  3  2  2 ¼ 24 rules in total. This rule base and the cor-
responding membership functions for each socio-de-
mographic factor are displayed in Table 2 as the IF part.
Randomly, 30 of the 40 data pairs from simulator testswere
picked up to construct the THEN part of the rule shown in
Table 3. The IF-THEN rule base establishes a model to relate
the socio-demographic input variables with the output lane-
change variables (THEN part). The remaining ten data pairs
were reserved for the validation process.
3.6. Model validation
The socio-demographic information from the remaining ten
subjects was input to the IF part and then converted to a
specific fuzzy set for each output variable. With these output
fuzzy sets, and considering the degree of rules of each rule, the
corresponding LCRD and LCRDT values with and without the
DSAS were estimated. Table 4 shows the model validation
errors. Obviously, with this adjustment, the forecast errors
were improved as a whole. The highest error rates are
13.06% (marked in bold in Table 4) for LCRT without DSAS
and 12.34% (marked in bold in Table 4) for LCRD with DSAS,
respectively. The remaining error rates are lower than 10%.
The average error rates for all models range from 0.38% to
2.42%, with standard deviations from 3.75% to 7.20%.
The forecasted and real values are displayed and compared
in Fig. 6. Across the two output variables for two different
scenarios, no obvious difference presents in these plots.
Moreover, some forecasted values are almost equal to their
real values, such as the forecasted LCRD without DSAS for
the second, the seventh, and the eighth subjects (Fig. 6(b)),
and the LCRT with DSAS for the seventh and the eighth
subjects (Fig. 6(c)). In other words, the developed fuzzy
models are able to forecast drivers' LCRD and LCRT accurately.Error without DSAS (%) Error with DSAS (%)
e LCRD LCRT LCRD LCRT
3.85 4.67 1.37 1.20
0.74 4.27 3.88 5.09
4.11 7.59 4.08 7.68
2.39 1.76 6.00 4.35
4.96 4.84 4.94 3.47
6.22 13.06 4.04 5.99
0.74 4.77 8.85 1.56
0.41 4.47 12.34 0.15
6.65 7.64 0.49 5.16
3.07 8.99 3.24 1.76
0.38 1.82 3.06 2.42
4.14 7.02 5.36 3.75
tively.
Fig. 6 e Model validation results. (a) LCRT without DSAS. (b) LCRD without DSAS. (c) LCRT with DSAS. (d) LCRD with DSAS.
Fig. 7 e Geographic locations.
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j o u rn a l o f t r a ffi c a nd t r an s p o r t a t i o n e n g i n e e r i n g ( e n g l i s h e d i t i o n ) 2 0 1 5 ; 2 ( 5 ) : 3 1 3e3 2 6 3234. Methodology application
The developed fuzzy models are able to estimate LCRD and
LCRT for traffic simulation when vehicles drive along the
entire lane-changing response area in Fig. 1. To illustrate how
developed fuzzy models can be used in traffic simulation, and
to explore the impacts of drivers' socio-demographic factors
on LCRT and LCRD in a work zone equipped with a DSAS,
the developed lane-changing models are applied to different
cities with various socio-demographic specifications.
4.1. Selection of geographic locations with various socio-
demographic configurations
In the case study, five cities in the U.S. with identified socio-
demographic factors were chosen, including Roseland, Indi-
ana (IN); Punta Gorda city, Florida (FL); Stockton City, Califor-
nia (CA); West University Place, Texas (TX); and Madeline
Plains (Lassen county), California (CA). These locations across
the whole country and their detailed socio-demographic
configurations and distributions were retrieved from the U.S.
2010 census database, which is illustrated in Fig. 7, Table 5.
Each geo-location area has unique socio-demographic
specifications.
 National geographic specification. The data pairs in the
USA are adopted as a reference for the comparison of
forecasted LCRD and LCRT.
 Houston geographic specification. Houston is the driving
simulator test site where the results were simulated to the
national level, USA.
 Female city. Roseland is identified as a female city because
77.2% of its population is female.
 Male and lowly educated city. Madeline Plains represents
for a male city because 64.2% of its population is male. It is
also a lowly educated city because 86.5% of its population
obtained a high school degree or lower as the highest
degree.
 Old city. Punta Gorda city is considered an old city because
51.6% of its residents are 65 years old or older.
 Young city and highly educated city. West University Place
is a young city because 80.4% of its population is middle-
aged. It is also a highly educated city (79.4% of the popu-
lation have received a bachelor's degree or above).
 Lowly educated city. Stockton city is a lowly educated city
because 82.5% of the population has a low education de-
gree (high school degree or lower).
 On driving experience. Due to the lack of sufficient infor-
mation, the proportion of non-experienced and experi-
enced drivers in the driving simulator test is applied to all
other geographic locations. Therefore, driving experience
is not a variable in the following analyses.T
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.4.2. Simulation of LCRT and LCRD with different socio-
demographic specifications
Fig. 8 displays the simulated LCRT and LCRD results for the
work zone lane-changing in the geo-locations with different
j o u r n a l o f t r a ffi c and t r an s p o r t a t i o n e n g i n e e r i n g ( e n g l i s h e d i t i o n ) 2 0 1 5 ; 2 ( 5 ) : 3 1 3e3 2 6324socio-demographic specifications. There are six subplots in
Fig. 8 showing the comparisons of difference in drivers'
gender (Fig. 8(a) and (b)), age (Fig. 8(c) and (d)), and
education background (Fig. 8(e) and (f)). The left three
subplots are for LCRT, while the three right subplots are for
LCRD. As the same proportions of non-experienced and
experienced drivers were applied to all geographic
locations, the impacts of driving experience will not be
discussed.Fig. 8 e Simulated LCRT and LCRD with different socio-demogr
gender. (c) LCRT with age. (d) LCRD with age. (e) LCRT with eduWithin each subplot, the x-axis indicates the method of
message delivery, including (1) through traditional traffic
control signs (marked “Without DSAS”), and (2) traffic signs
combined with audio messages (marked “With DSAS”). The y-
axis represents the LCRT in seconds and the LCRD in meters,
respectively.
In each subplot there are three columns on the left and
three columns on the right, representing three different socio-
demographic specifications (gender, age, or education), whichaphic specifications. (a) LCRT with gender. (b) LCRD with
cation. (f) LCRD with education.
j o u rn a l o f t r a ffi c a nd t r an s p o r t a t i o n e n g i n e e r i n g ( e n g l i s h e d i t i o n ) 2 0 1 5 ; 2 ( 5 ) : 3 1 3e3 2 6 325aremarked in their corresponding legendwithin each subplot.
The specifications of each geo-location within the legend are
the ones described in the previous section.
In general, when the DSAS message is provided (with
DSAS), the LCRT and LCRD decrease significantly for all socio-
demographic factors comparedwith thosewithout DSAS. This
means the DSASmessagewill help drivers to take earlier lane-
changing reactions (shorter LCRT and shorter LCRD) to lane-
changing instructions. This phenomenon applies to all socio-
demographic geo-locations in Fig. 8.
Without the application of DSAS, the discrepancy in the
comparisons of LCRT and LCRD is irregular for all columns on
the left side of each subplot. It is hard to find a common
pattern for different socio-demographic specifications. The
diverse socio-demographic specifications may have different
ways to impact the LCRT and LCRD values.
When the DSAS message is provided, the discrepancy of
LCRT among different socio-demographic specifications (for
all columns on the right side of each subplot), is similar to the
ones of LCRD for all socio-demographic factors. This indicates
that the impacts of the socio-demographic factors on drivers'
driving performance become weak if the DSAS messages are
provided.
In Fig. 8(a) for LCRT with different gender, there are merely
one or 2 s' difference of LCRT between the female city and
male city. If DSAS messages are not provided (the left
column group in Fig. 8(a)), the LCRT for female city, USA
national, and male city, are 30.80, 31.72, and 32.76 s,
respectively. When DSAS is provided (the right column in
Fig. 8(c)), the LCDT values for female city, USA national,
male city are 24.19, 21.64, and 22.61 s, respectively. This
denotes that driver's gender may affect the LCRTs rarely.
Fig. 8(c) and (e) display that young drivers and highly
educated drivers complete the lane-changing responses
earlier (17.45 s in both Fig. 8(c) and (e)) than the national
socio-demographics for the USA (21.64 s), the old drivers
(22.83 s in Fig. 8(c)), and lowly educated drivers (23.30 s in
Fig. 8(e)).
Similarly, inconspicuous differences for LCRD with DSAS
are also found regarding different gender (Fig. 8(b), 325.05 m
for female city and 336.00 m for male city). Likewise, young
drivers and highly educated drivers performed noticeably
shorter LCRD (252.40 m) than the national level of the USA
(304.50 m), old drivers (310.35 m), and lowly educated drivers
(324.90 m), which are demonstrated in Fig. 8(d) and (f).
Overall with the DSAS, all drivers started to change lanes
earlier and shortened the LCRD to about 300 m. Age and ed-
ucation background could be essential variables in LCRT and
LCRD. Relatively, the impacts of gender on LCRT and LCRD are
indistinctive.5. Conclusions
In this research, the fuzzy logic-based Lane-Changing
Response Time (LCRT) and Distance (LCRD) models were
developed for mandatory lane-changing in work zones, which
are equippedwith a DSAS. Drivers' socio-demographic factors,
including gender, age, education level, and driving experience,
are considered in the design of the models.What is different with the traditional lane-changing time
and distance models is that the identified LCRT and LCRD
models incorporate drivers' response to work-zone signs and
relevant voice messages. In addition, the LCRT and LCRD
models in this paper consider the impacts of drivers' socio-
demographic backgrounds.
The fuzzy models were based on collected inputeoutput
data pairs from a simulator test. Fuzzy rule baseswere created
based on 30 data pairs, while the remaining 10 data pairs were
used for model validation. The model validation yields
acceptable error ranges.
The nature of the fuzzy models allows for accumulating
knowledge when more data pairs from either real observa-
tions or simulation tests are available, while, in themeantime,
the fuzzy rule base will be increasingly accurate for fore-
casting. The developed models can be real-time based and
dynamically adapted to a changing environment.
The fuzzymodels are applied to the simulation of the LCRT
and LCRD in fivework zoneswith different socio-demographic
specifications. Simulation results show that diverse socio-
demographics factors significantly affect drivers' LCRT and
LCRD.
Besides, the DSAS is able to instruct all drivers to prepare
and change lanes earlier, thereby shortening their lane-
changing durations. The impacts of the socio-demographic
factors on drivers' performance become weak if DSAS mes-
sages are provided. Education background and age are
essential variables in the developed models, whereas the
impacts of gender on the output variables are indistinctive.
When a DSAS was provided, the impacts of their socio-de-
mographic factors became weak on their LCRTs and LCRDs,
which were both shortened. Also, the distinction between
drivers' education levels and ages is reflected in their LCRTs
and LCRDs. Young drivers and highly educated drivers per-
formed noticeably shorter LCRD. However, an inconspicuous
difference in LCRT and LCRD is found for different genders.
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